In this paper we estimate the impact of rebate policies in various US states on the sales share of ENERGY STAR household appliances. We use annual ENERGY STAR sales data for clothes washers, dishwashers, refrigerators and air conditioners from 2001 to 2006 and the variation in the coverage of rebates across US states and over time to identify the impact of rebate policies. We use, at first, a difference-in-differences approach to estimate this impact. Then, we take into account the possibility of rebate policies being endogenous and use an instrumental variables approach in a fixed effects panel data regression model. Results suggest that rebate policies increase the sales share of ENERGY STAR household appliances by around 3.3 to 6.6 percentage points and this represents an impact of around 9% to 18% on the mean level of the sales share of ENERGY STAR household appliances in the US between 2001 and 2006. We conclude that our estimates indicate that rebates on ENERGY STAR appliances increase the uptake of energy-efficient appliances.
Introduction
The global carbon dioxide (CO 2 ) emissions from the consumption of energy was a little over 32,300 million metric tonnes in 2012 of which the United States contributed around 16% (Energy Information Administration, 2015a) . About 38% of the total U.S. energy-related CO 2 emissions in 2014 were by the electric power sector (Energy Information Administration, 2015b) . While the per capita CO 2 emissions from the consumption of electricity in the US remains one of the highest in the world, chiefly due to its reliance on coal-fired power plants, there have been several policy initiatives undertaken at the state and federal levels to reduce these emissions. These initiatives include the implementation of appliance standards, financial incentives in the shape of cash rebates, income tax credits and deductions, and the introduction of information and voluntary programmes like Climate Challenge and ENERGY STAR. These energy efficiency policies have been promoted to also reduce air pollution from pollutants such as sulphur dioxide, nitrogen oxides, ozone and particulate matter, to improve energy security and to prevent the need for constructing increasingly expensive new power plants. The World Energy Outlook 2009 (International Energy Agency, 2009 and several other studies (Creyts et al., 2007; Granade et al., 2009; Nauclér and Enkvist, 2009 ) highlight the huge potential of CO 2 reductions from increased end-use energy efficiency. In view of these advantages of energy efficiency, policy instruments that promote the increase in energy efficiency of electrical appliances like household appliances play an important role.
The voluntary eco-labelling programme, ENERGY STAR, was introduced in 1992 by the United States Environmental Protection Agency (EPA). It was designed to promote the use of energy-efficient products and thus help to reduce the emissions of greenhouse gases by consuming less electricity. Appliances with the ENERGY STAR label usually consume about 20 to 30 percent less energy than required by federal standards (Tugend, 2008) . 1 The Climate Challenge was launched in 1993 and was a voluntary partnership between the US Department of Energy (DOE) and national utility trade associations to reduce greenhouse gas emissions.
Participants in the programme are encouraged to make commitments to reduce carbon emissions. In this paper, we will focus on the ENERGY STAR programme and, specifically, the ENERGY STAR programme for clothes washers, dishwashers, refrigerators and air conditioners.
Federal and local governments and utility companies across the US promote the adoption of ENERGY STAR-labelled products by offering financial incentives, usually in the form of mail-in rebates. These are offered to customers who fill in the rebate form and return it to the respective entity offering the rebate.
These financial incentives are offered by utilities in certain states as part of the Energy Efficiency Resource 1 Standard (EERS) programme that require energy efficiency programmes to be implemented. The adoption of energy-efficient appliances has public benefits, through reduced GHG emissions, as well as private benefits, through savings in utility bills. According to estimates by the EPA, the ENERGY STAR programme has led to energy and cost savings in the US of about $18 billion in 2010. 2 Howarth et al. (2000) state that improvements in energy efficiency in the Green Lights and ENERGY STAR Office Products programmes should lead to reductions in energy use with no significant "rebound effect". 3 Webber et al. (2000) conclude that 740 petajoules 4 of energy has been saved and 13 million metric tons of carbon avoided due to the ENERGY STAR programme. In a more recent study using a bottom-up approach, Sanchez et al. (2008) estimate that ENERGY STAR-labelled products have saved 4.8EJ 5 of primary energy and avoided 82Tg C equivalent. Given the importance of the ENERGY STAR programme to the EPA and the US Department of Energy 6 and the high visibility of ENERGY STAR-labelled products, with public awareness of the label increasing from 56% in 2003 (U.S. Department of Energy, 2004) to more than 80% in 2011 7 , it is important to evaluate the impact of financial incentives provided by utility companies designed to promote the sales of ENERGY STAR household appliances. It is also important to note that financial incentives to promote the adoption of ENERGY STAR appliances are not present in all US states. We use this variation in financial incentives to analyse the impact of these policy instruments.
In this paper we focus on rebate policies which are, in general, part of a wider array of programmes labelled demand-side management (DSM) programmes. DSM programmes undertaken by utility companies refer to the "planning, implementation, and monitoring of utility activities designed to encourage consumers to modify patterns of electricity usage, including the timing and level of electricity demand" (Energy Information Administration, 2009). Initiated primarily to combat rising gas and oil prices in the late 1970s these initiatives have increased from 1.4 billion dollars in 1999 to 4.2 billion dollars in 2010 (Energy Information Administration, 2011) after a dramatic fall in DSM spending in the mid to late 90s due to restructuring of electricity markets. 8 There was uncertainty about the restructuring efforts and ability to recover spending 2 http://www.energystar.gov/index.cfm?c=about.ab_history, website accessed 17 April, 2012 3 The "rebound effect" is a phenomenon, described by Khazzoom (1980) , whereby electricity consumption increases due to an increase in energy efficiency. It is caused by the fact that an increase in the level of energy efficiency leads to a decrease in the price of energy services and, via a substitution effect, an increase in demand for these energy services. This, subsequently, causes an increase in the demand for electricity. This rebound effect is referred to as the direct rebound effect. Indirect rebound effect leads to the energy saving being off-set by more energy usage in another activity. The literature on the rebound effect provides no consensus on the degree of rebound observed. While there are numerous studies, the interested reader may refer to volume 28 of Energy Policy in June 2000 for a more detailed discussion of the rebound effect. For more recent discussions of the rebound effect please refer to, for example, Van den Bergh (2011 ), Turner (2013 , Gillingham et al. (2015) , Borenstein (2015) and Saunders (2015) . 4 Eto (1996) , Nadel and Geller (1996) and Nadel (2000) for a history of utility DSM programmes in the US. 2 on energy efficiency through cost recovery mechanisms. As a result, DSM programmes were considered incompatible with competitive retail markets (Molina et al., 2010) .
There is a substantial literature on the evaluation of overall DSM programmes. However, the impact of specific financial incentives on adopting energy-efficient appliances has not been studied as extensively.
These incentives can be in the form of tax credits or deductions, loan subsidies and cash rebates. Compared to the studies on overall DSM initiatives, the existing literature on the impact of rebate policies on adopting energy-efficient appliances is quite limited and even more so at the aggregated level. At the disaggregated level, the papers by Train and Atherton (1995) and Revelt and Train (1998) are examples of the impact of financial incentives on the choice of efficiency of appliances by residential customers. Revelt and Train (1998) use stated preference data to estimate the impact of rebates and loans on the choice of efficiency of refrigerators and predict that rebates led 8.5% of customers to switch from a standard-efficiency to a highefficiency refrigerator. Train and Atherton (1995) find that attractive loans with low interest rates or long repayment periods are necessary to have the same effect as rebates and that offering customers the option of loans or rebates are more effective than programmes offering only loans or rebates. Markandya et al. (2009) find that subsidies are, in general, less cost-effective than an energy tax. They conclude that, depending on a particularly country and policy options, it can be cost-effective to promote the use of energy-efficient appliances by using incentives. Galarraga et al. (2013) analyse the "Renove" programme in Spain and conclude that a tax scheme is a better policy instrument than a subsidy scheme in promoting energy efficiency while advocating a combination of the two to improve the efficiency of energy policy. Davis et al. (2014) analyse a large-scale programme in Mexico that replaces households' old refrigerators and air conditioners with energy-efficient models and find that refrigerator replacement reduces electricity consumption by 8% and air conditioning replacement actually increases electricity consumption. They conclude that the programme is not cost-effective since the cost of reducing CO 2 emissions is over US$500 per tonne. Datta and Gulati (2014) use US state-level data and analyse rebates provided to buyers of ENERGY STAR-qualified clothes washers, refrigerators and dishwashers. They find that utility rebates raise the share of ENERGY STAR qualified clothes washers but do not appear to affect dishwasher and refrigerator shares. They estimate the cost for the clothes washers rebate programme to be lower than the estimated cost of building and operating an additional power plant and the average on-peak spot price and conclude that the ENERGY STAR clothes washers rebate programme is, on average, a cost-effective way for utilities to reduce electricity demand. Boomhower and Davis (2014) find that participation in a large-scale residential energy-efficiency programme increases with larger subsidy amounts but that most households would have participated even with much lower subsidy amounts thereby making the large subsidies not cost-effective. Houde and Aldy (2014) The contribution of this paper is to study the effect of rebate policies on the sales of ENERGY STARlabelled household appliances using, firstly, a difference-in-differences approach, secondly, a difference-indifferences approach with a potentially endogenous rebate policy variable and, finally, a nonlinear model to account for the low within-variation of some of the explanatory variables. Another contribution is that, compared to the study by Datta and Gulati (2014) , we also consider air conditioners in addition to clothes washers, dishwashers, and refrigerators. To apply our methodology we use information from 47 US states between 2001 and 2006 and publicly available data on ENERGY STAR sales shares, coverage of rebate policies and various socio-economic, weather and price variables. The unobserved state-specific heterogeneity in our panel data set-up is controlled by using fixed effects estimation procedures. We also address potential endogeneity issues in the policy variable by using an instrumental variables approach.
The remainder of the paper is organised as follows. In the next section we discuss our empirical specification. We provide a description of the data, its sources and limitations in section 3. The econometric results using the difference-in-differences and instrumental variable approaches are presented in the penultimate section while the final section has concluding remarks.
Empirical Specification
The policy of utility rebates for ENERGY STAR appliances varies widely across US states and, in many cases, over time within US states. We will use this variation as our identification strategy to measure the impact of the rebates. The policy also differs in terms of the coverage among the customers of utility companies that provide electricity. For example, not all utility companies in a state will offer rebates to its customers.
Therefore, the coverage of rebates will vary across states and also within states over time. for certain appliances in certain years. We will try to use this variation in rebate policy coverage to capture its impact on the adoption of ENERGY STAR appliances. We will be able to estimate the effect of the rebate policy intervention by using a difference-in-differences (DD) approach. The basic idea behind DD is to identify a policy intervention or treatment and then compare the difference in the outcomes before and after the intervention for the treated groups with the difference for the untreated or control groups. In our case, the treated groups are the states that had the rebate policy in a particular year for a particular appliance while the control groups are the states that had no rebates or states in which the policy was not in effect during a particular year. A typical DD estimation using panel data with more than two time periods will consider individual and year fixed effects. Our DD estimation will, therefore, take into consideration the unobserved time-invariant factors that may influence our dependent variable.
We estimate the model using the following specification:
where the subscripts a, i and t are indices for appliance type, US state, and year, respectively. We have four types of appliances in our data, viz., clothes washers, dishwashers, refrigerators, and air conditioners.
ES ait is the share of ENERGY STAR household appliance type a sold, Rebate Policy it is the rebate policy variable, X it is a matrix of all other explanatory variables, and ε it is the idiosyncratic error term.
The appliance type is captured by the α 1a terms. Any unobserved state-specific heterogeneity is captured by the α 2i terms and the δ t terms account for common year-specific fixed effects. Depending on the assumptions we make about the correlation of the α i terms with the other explanatory variables in eq. (1) we have either a fixed effects model or a random effects model. The advantage of the fixed effects model is that the individual effects may be correlated with the explanatory variables while in the random effects model this correlation is assumed, by definition, to be zero.
Including both time and state-specific fixed effects in eq. (1) The price of residential electricity may influence the share since a higher price of electricity, ceteris paribus, may cause households to buy more energy-efficient appliances. The hypothesis is that the higher price of electricity increases the cost of consuming energy and, since energy-efficient appliances have lower consumption costs, households may switch to purchasing more energy-efficient appliances. The impact of rising energy prices, and energy costs in general, on increasing household conservation improvements has been noted by, among others, Pitts and Wittenbach (1981) , Walsh (1989), and Long (1993) .
An increase in per capita income may have a positive impact on the ENERGY STAR sales share. EN-ERGY STAR appliances are, on average, more expensive than non-ENERGY STAR appliances. Therefore, if income increases we expect the ENERGY STAR sales share to increase. An increase in income should also lead to an increase in the consumption of electricity. This will increase the cost of consuming electricity and may lead to a switch to a more energy-efficient appliance thus causing the sales of energy-efficient appliances to increase. The higher likelihood of investing in energy-efficient appliances with an increase in income has been noted by, for example, Long (1993) , Mills and Schleich (2010) , Sardianou and Genoudi (2013) , and Ameli and Brandt (2015) .
The effect of education may also impact the penetration of ENERGY STAR appliances with more educated people being more aware of ENERGY STAR products. Therefore, we expect an increase in education to increase the sales share of ENERGY STAR appliances. This positive correlation between the level of education and the adoption of energy-efficient technology has been observed by, for example, Mahapatra and
Gustavsson (2008), Schleich (2009), Mills and Schleich (2012) , Michelsen and Madlener (2012) , and Sardianou and Genoudi (2013) .
The sales share of ENERGY STAR appliances may also be affected by the environmental consciousness of households with more environmentally conscious US states having a higher sales share of ENERGY STAR appliances. Studies have shown that environmental preferences may influence the decision to invest in energy-efficient technology (Olli et al., 2001; Kollmuss and Agyeman, 2002; Kahn, 2007; Di Maria et al., 2010; Ameli and Brandt, 2015) .
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The weather can also have an impact with states experiencing more heating and cooling degree days having higher electricity consumption, thus increasing the cost of consuming energy. More energy-efficient appliances will reduce the cost of consuming energy and, therefore, more heating and cooling degree days are expected to increase the sales share of ENERGY STAR appliances. The effect of weather and climate zones on energy technology adoption has been observed by, for example, Long (1993) and Mills and Schleich (2009) .
Certain assumptions need to be met by our model to enable us to identify the impact of the rebates policies. First, we need to exclude the presence of unobserved variables affecting ENERGY STAR sales shares that move systematically over time in a different way between the states. In our analysis, the assumption sounds reasonable because all states are in the US and, therefore, the general trend in ENERGY STAR sales shares is expected to be similar. Moreover, the possibility of unobserved heterogeneity should be negligible given that our regressions include all the main socio-economic determinants of differences in ENERGY STAR sales shares use across the states.
A further assumption is that the decision to have a rebate policy is independent of the ENERGY STAR sales share in a state, i.e. policies are exogenous. However, this assumption may be debatable because it is possible that rebate policies in a state may be driven by the penetration of ENERGY STAR sales share.
It is entirely plausible that states with a low ENERGY STAR sales share have rebate policies in place. As noted by Besley and Case (2000) , there is a literature in political economy in which state policies may be taken to be endogenous and therefore there is a need to obtain unbiased estimates of the impact of a policy.
We therefore seek to improve on our initial results by treating the policy variable as endogenous and using a couple of instrumental variables approaches. An instrumental variable approach will also mitigate any omitted variable bias that may exist. 9 Firstly, we use a standard two stage least squares linear model with instruments in the first stage. Secondly, we use a two stage instrumental variables approach with a probit regression of the endogenous policy variable in the first step and an instrumental variables approach in the second step where the endogenous policy dummy variable is instrumented using the prediction of the policy dummy variable from the probit estimation (Heckman, 1978) . We use a political variable as our instrument, namely, the share of Democratic House members in a state. The political variables are missing for the state of Nebraska due to the unusual nature of its legislature. The Nebraska legislature is unicameral and nonpartisan and therefore, we do not have any information on the division of the legislature on party lines. We will describe the rationale for considering this instrument in section 4. The remainder of the paper deals with estimating the coefficient β in eq. (1). As mentioned previously, the coverage of rebates varies within states and also across the four different appliances under consideration, viz. clothes washers, dishwashers, refrigerators and air conditioners. Also, rebate policies are not present in all US states. To solve this we use the fraction of people that are covered by rebates. This is calculated by using the number of customers that would be covered under the rebate policy and then using the distribution of the fraction of customers covered to define a cut-off for a policy dummy. It should be noted that the rebate policies under consideration apply only to four major household appliances, viz. clothes washers, refrigerators, dishwashers and air conditioners. In many cases, the policies apply to a subset of this group. For example, there could be a rebate for clothes washers and not for the other three appliances. An illustration of the rebate policy coverage is provided in figure 1 while figure 2 illustrates the coverage of rebates for states and years conditional on rebate coverage being greater than zero. Figure 1 shows that there are a lot of observations with no rebates in place during our time period for all the four appliances. Therefore, we also present figure 2 that indicates more variation in the rebate coverage with clothes washers showing a lot more variation than dishwashers and refrigerators while the variation for air conditioners exhibits the least. We will, as mentioned before, use this variation to identify the effect of the rebate coverage on the sales share of ENERGY STAR appliances.
We consider a coverage of 11.4%, the median, as our critical value. Therefore, in our framework, a state is considered to have a value of one for the rebate policy variable if the coverage of the rebates exceeds the cut-off value. In all our subsequent discussions, states that are less than the 11.4% coverage are categorized as those states with no rebate policies while those with a coverage of greater than or equal to 11.4% are considered states that have rebate policies. We have used a binary policy dummy due to the wide variation in rebate policies that could lead to measurement error. We also consider a range of rebate coverage values to check for the robustness of our main results. To do this, we vary the cut-off value starting with rebate coverage strictly greater than zero, rebate coverage at the first quartile and, finally, rebate coverage at the third quartile. It should be noted that the cut-off values for the first quartile, median, and third quartile are calculated conditionally based on rebate coverage being greater than zero. The results are described in The price of residential electricity is an average price calculated by the EIA from dividing the revenue of the utility companies coming from the residential sector with the volume of electricity sales to the residential sector. 10 The ENERGY STAR website has data on sales of the four major appliances, viz. 12 The number of Sierra Club members in each US state has been obtained directly from the Sierra Club upon request. We also use an instrumental variable to solve for potential endogeneity issues in the regression. The instrument is the fraction of House members in a state who belong to the Democratic party. Data on the House members is from the US Census Bureau. 13 Summary statistics of all the variables are presented in Table 1 . The rebate policy variable, Rebate Policy it , is binary and constructed using data about rebates obtained from D&R International Ltd. It is assigned a value of one when a state has a rebate programme in place in a year for a particular appliance type that covers more than 11.4% of the population while it is zero otherwise. However, as discussed previously, a potential problem with the previous estimation method is the possible endogeneity of Rebate Policy it in eq. (1). This may be due to simultaneous causality that could run from the adoption of ENERGY STAR appliances to the rebate policy. It may be that the rebate policies are influenced by the penetration of ENERGY STAR appliances. We try to solve this problem by considering two instrumental variable approaches. In the first approach we use the standard approach and predict the policy dummy variable in the first stage by using a linear probability model. The results from an instrumental variable two-stage least squares model (2SLS) are presented in column FE2. The coefficient for Rebate Policy is positive but not statistically significant.
The presence of a possible endogenous binary policy variable indicates a situation described in Heckman (1978) . Therefore, in the second approach with an instrumental variable, we use a probit model to model the nonlinear binary policy variable. The instrumental variable is used in this probit stage along with the other explanatory variables. We then use the prediction of the policy variable from this stage as an instrument for the endogenous binary policy variable in a fixed effects instrumental variables regression model. This is a consistent estimation method proposed by Amemiya (1978) , Heckman (1978) and Lee (1979 14 instrumental variable is the excluded instrument in this model. Including the prediction from the probit stage in the latter model as an explanatory variable and not as an instrument will lead to a "forbidden regression" (Angrist and Pischke, 2008 ).
An instrument should satisfy the conditions for relevance and exogeneity. It should, therefore, be correlated with the rebate policy variable but not with the error term. The instrument we have chosen is the fraction of Democratic members in the House of each US state. The rationale is that we expect the composition of the legislature to be correlated with the rebate policy in a state but uncorrelated with the adoption of energy-efficient appliances by residential households. The suitability of the instrument using a statistical measure can be gauged by inspecting the F-statistic of the first stage with a high value, typically over 10, indicating that the instrument does not suffer from a problem of weak instrument. 16 Using the procedure described by Wooldridge (2002) we perform another instrumental variables estimation which exploits the binary nature of our policy variable by first fitting a nonlinear model, a probit in our case. This is done by fitting a probit model of the rebate policy variable using the fraction of Democratic House members as an instrument and all the other exogenous variables by maximum likelihood. We then obtain the fitted probabilities of the response variable and use these values as instruments and other explanatory variables to estimate eq. (1).
The effects of rebate policies on ENERGY STAR sales share are reported in table 3. All the regression results include state-level fixed effects and year fixed effects. The state-level fixed effects will capture any unobserved heterogeneity while the year fixed effects will capture any common time shocks faced by the US states. The results are stable and no structural differences are observed across the models.
Given our empirical specification, we can make predictions with regard to the expected sign of the coefficients. Some of the socio-demographic variables in the specification affect the dependent variable, the sales of ENERGY STAR appliances, through their impact on electricity consumption. The price of electricity, household size and degree days are negatively correlated with the consumption of electricity because an increase in each of these variables will increase the cost of consuming electricity and therefore, should increase the sale of energy-efficient appliances. The expected sign of these coefficients should be
positive. An increase in income should increase the cost of consuming electricity because more electricity will be consumed and this should increase the sales of energy-efficient appliances. Also, ENERGY STAR appliances are typically more expensive than equivalent appliances and an increase in income could also increase the sale of ENERGY STAR appliances. The coefficient should, therefore, be positive. The effects of In all the fixed effects models the relatively low number of statistically significant coefficients of socioeconomic variables can be explained, as suggested by Cameron and Trivedi (2005) , by the low within variation of these variables. The number of significant coefficients increases in the instrumental variables model, FE3.
However our main goal in this paper is to estimate the coefficient of the rebate policy dummy variable using a DD framework. The coefficient for Rebate Policy in model FE2 is higher than the difference-in-differences estimation of the model, FE1, but is not statistically significant. However, the estimate of Rebate Policy in FE3 using the Heckman-type estimator is positive, significantly different from zero and larger in magnitude than both the estimates in FE1 and FE2. The advantage of using FE3 is that the standard errors are smaller and we can obtain a more precise estimate. Another advantage is that the probit model in the first stage does not need to be correctly specified (Wooldridge, 2002) . Due to these reasons, FE3 is our preferred specification over FE2. The first stage regression in FE2 indicates that, with a high value of F-statistic, the fraction of Democratic House members does not suffer from a problem of being a weak instrument. The first stage of FE3 that uses the predicted probability of the binary policy variable as an instrument for the endogenous variable indicates a very high F-statistic.
As explained previously, the control group consists of all the states that do not have a sufficiently large coverage of a rebates policy in a year to increase ENERGY STAR household appliances share between 2001 and 2006. Thus, when we study the effects of the rebate policies, the controls are the states that either do not have a policy in a year or the coverage is less than 11.4% of the customers. The estimated coefficient of Rebate Policy measures the impact of the policy. In line with our expectations, policy coefficients are significant in all the models apart from FE2. The binary policy variable has a positive sign, which suggests that To check the robustness of our results we perform some more estimations by varying the cut-off for defining the rebate policy binary variable. The results of these models are reported in the appendix. We have, in our estimations reported in table 3, used the median of the rebate coverage as the cut-off. We vary the cut-off for the rebate policy binary variable in three other ways. First, the binary variable is defined as having a value of one if the rebate coverage is greater than zero and zero, otherwise. The results of this robustness check are provided in table A2. The coefficient for the FE1 model, the basic difference-in-differences model, is the same in table A2 as it is in table 3. The coefficients for the models using instrumental variables, FE2 and FE3, are slightly higher in table A3. Second, the binary variable is defined as having a value of one if the rebate coverage is greater than the value of the first quartile of the rebate coverage and zero, otherwise.
The results are provided in table A4. The coefficient for the FE1 model, the basic difference-in-differences model, is almost the same as it is in table 3. The coefficients for the models using instrumental variables, FE2 and FE3, are different in table A5 with the estimate lower in FE2 and higher in FE3 compared to the estimates in table 3. Third, the binary variable is defined as having a value of one if the rebate coverage is greater than the value of the third quartile of the rebate coverage and zero, otherwise. The results of these regression models are provided in table A6. The estimates are very similar for FE1 and FE3 but higher for FE2 when compared to the corresponding models in table 3. However, the estimated coefficients for Rebate Policy in all cases are not statistically significant. The first stage regressions in the FE2 models for all our robustness checks indicate that, with a high value of F-statistic, the fraction of Democratic House members does not suffer from a problem of being a weak instrument. The first stages of FE3 that uses the predicted probability of the binary policy variable as an instrument for the endogenous variable also indicate a very high F-statistic consistently over all the robustness specifications.
Our results and the robustness checks indicate that the difference-in-differences results appear to be very stable across all the specifications with the rebate policy coverage having an impact of around 3 percentage points on the sales share of ENERGY STAR appliances. However, the results for the instrumental variable models using a nonlinear approach indicate that the impact is higher and exhibits more variability with the estimates of the effect ranging from around 7 to around 10 percentage points.
Conclusion
In this paper we estimate the impact of rebate policies in the US on the sales share of energy-efficient ENERGY STAR household appliances by using a difference-in-differences approach as well as a nonlinear model. We use the coverage of rebate policies as a measure of the rebate policies. The difference-indifferences approach allows us to identify the effect of rebate policies by correlating differential changes in the sales of ENERGY STAR appliances across US states and over time to changes in the rebate policy variable while the nonlinear model exploits the binary nature of the potentially endogenous policy variable.
The policy variable may be endogenous due to potential simultaneity and omitted variable biases. We find that the estimated impact of the rebate policies on the sales share of ENERGY STAR appliances ranges from 3.3 percentage points, when using a difference-in-differences approach, to 6.6 percentage points, when using a nonlinear model. The results are higher than the findings in Datta and Gulati (2014) who find that, on average, rebates increase the sales of ENERGY STAR clothes washers by 6%. Our estimates, based on the average sales share of ENERGY STAR appliances, indicate an increase in the sales share of between 9% and 18%.
The main contribution of this paper is to use an instrumental variable approach to solve for the possible endogeneity of rebate policies. Using this approach, our results show that the use of rebates appear to be an effective tool to increase the uptake of certain ENERGY STAR household appliances. However, there are some possible limitations of this study. The effectiveness of programmes for promoting energy-efficient appliances depends on the electricity usage after the uptake. There is the possibility of a rebound effect, both direct and indirect, that we are unable to account for. However, Davis (2008) estimates the direct rebound effect to be very low for clothes washers. There is also the possibility of free-riders who would have purchased an ENERGY STAR appliance even in the absence of the rebate programmes. For example, Boomhower and Davis (2014) estimate that around half of the participants in a residential energy efficiency programme are free-riders. The presence of the rebound effect and free-riders will diminish the effectiveness of subsidies for energy-efficient appliances.
In spite of these limitations, our results suggest that providing subsidies may increase the uptake of more energy-efficient ENERGY STAR appliances. There are not many studies that have estimated the impact of providing state-wide rebates on the sales of ENERGY STAR household appliances. It is, therefore, important to analyse such policies, especially at a more disaggregated level of sales, to have a good understanding of the impact of subsidies and provide policy makers with recommendations on various approaches to increase the uptake of more energy-efficient appliances. 
